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Airline Route Profitability Prediction and Seasonal
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Abstract—Accurate airline route profitability prediction is
critical for fleet allocation, scheduling, pricing, and network
planning under volatile operating conditions. This paper presents
a comparative machine learning framework for flight-level profit
margin prediction using a public airline route profitability
dataset containing 7,974 flights across 30 routes in 202[1]4. The
study integrates exploratory operational analysis with predictive
modeling to investigate the impact of seasonality, route category,
demand level, and aircraft assignment on airline profitability. To
preserve practical planning utility, direct revenue and total cost
variables are intentionally excluded from the final feature set,
allowing the models to infer profitability from operational and
market-related characteristics rather than accounting identities.
Eleven machine learning models are systematically benchmarked,
including linear regression, ensemble learning, and gradient-
boosting approaches. Experimental results demonstrate that
boosted tree models consistently outperform traditional linear
methods. Among all compared models, CatBoost achieves the best
predictive performance with test 𝑅2 = 0.7042, RMSE = 20.94,
and MAE = 15.80, followed closely by Gradient Boosting and
HistGradient Boosting. Seasonal analysis further reveals that
prediction errors increase from Peak to Low season, indicating
that weak and volatile operating environments are more difficult
to model accurately. The results confirm that operational features
contain sufficient predictive signal for practical profitability fore-
casting and demonstrate the effectiveness of gradient-boosting
methods for airline decision-support applications.

Key Words—airline profitability, route planning, machine
learning, CatBoost, gradient boosting, seasonality.

I. INTRODUCTION

The airline industry operates under high operating costs,
volatile fuel prices, fluctuating passenger demand, and increas-
ingly competitive route networks[2]. Airlines must balance
revenue generation with operational efficiency while adapting
to seasonal demand changes, fleet availability, airport con-
straints, and network structure. Although some routes appear
profitable at an aggregate level, detailed operational analysis
often reveals substantial variation caused by factors such as
route category, aircraft assignment, demand level, and destina-
tion characteristics. Therefore, accurate profitability prediction
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has become increasingly important for airline route planning,
fleet deployment, and strategic decision-making [3].

Traditional airline profitability studies mainly focus on rev-
enue management, demand forecasting, fleet assignment, and
network optimization. However, many existing approaches rely
on statistical analysis or theoretical optimization models and
evaluate only a limited number of predictive algorithms. As a
result, the comparative behavior of different machine learning
paradigms under the same airline operational environment
remains insufficiently explored.

From a machine-learning perspective, airline profitability
prediction is a structured tabular learning problem involving
nonlinear relationships and complex feature interactions. En-
semble learning methods such as Random Forest [4], Gradient
Boosting [5], XGBoost [6], LightGBM [7, 8], and CatBoost
[9] have demonstrated strong predictive capability on tabular
datasets because of their ability to capture heterogeneous
operational patterns [10]. In addition, interpretability methods
such as SHAP provide useful tools for understanding feature
contributions and improving model transparency [11].

This study develops a flight-level airline profitability pre-
diction framework using operational and network-related vari-
ables to predict Profit Margin [12]. Unlike approaches that
directly depend on revenue and cost totals, the proposed
framework intentionally excludes these accounting variables
from the final feature set in order to preserve practical planning
utility. Eleven machine learning models are systematically
benchmarked, including linear models, bagging ensembles,
and gradient-boosting approaches[13]. The framework further
combines exploratory data analysis with SHAP-based interpre-
tation to identify the major operational drivers affecting airline
profitability.

The main contributions of this paper are summarized as
follows:

• A flight-level airline profitability prediction framework is
developed using operational and network-related features,
enabling data-driven estimation of route profitability from
pre-decision planning variables.

• Eleven machine learning models, including linear meth-
ods, ensemble models, and gradient boosting approaches,
are systematically benchmarked under a unified exper-
imental setting. SHAP-based interpretability analysis is
further incorporated to identify key operational drivers of
profit margin variation.

• Experimental results demonstrate that boosted tree mod-
els consistently outperform traditional linear and bagging-
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based methods, providing accurate and robust predictions
for airline profitability across different operational condi-
tions.

The remainder of this paper is organized as follows. Section
II reviews related work. Section III introduces the dataset and
preprocessing procedures. Section IV presents the methodol-
ogy and experimental setup. Section V discusses the compar-
ative results and interpretability analysis. Finally, Section VI
concludes the paper and outlines future research directions.

II. PROBLEM DESCRIPTION

A. Dataset Description

This study uses a public airline route profitability dataset
from Kaggle [14]. The dataset contains 7,974 flight records
across 30 routes during the 2024 calendar year. The raw
data include operational, revenue, and cost variables such as
aircraft type, passenger volume, load factor, flight hours, route
category, demand level, season, total revenue, total cost, and
Profit Margin.

The prediction target is defined as flight-level
Profit Margin, since profit margin better reflects operational
efficiency and enables fair comparison across routes of
different scales.

B. Data Preprocessing and Feature Engineering

Missing values in Ancillary Revenue, Catering Cost, and
Handling Cost are imputed using median values. The
Flight Date field is converted into datetime format, from
which calendar features such as month and quarter are ex-
tracted. Additional operational indicators, including revenue
per passenger and cost per passenger, are generated for ex-
ploratory analysis.

For model training, the final feature set includes aircraft
capacity, passengers, load factor, flight hours, month, quarter,
aircraft type, route category, season, demand level, and desti-
nation. Direct revenue and cost totals are excluded to prevent
target leakage and preserve the practical value of the prediction
framework for route planning.

Categorical variables are label encoded. The dataset is
divided into training and testing sets using an 80/20 split, and
five-fold cross-validation is additionally employed for model
evaluation.

C. Exploratory Business Analysis

The dataset reports approximately USD 2.37 billion in total
revenue and USD 575 million in total profit, with an average
profit margin of 6.19%. Around 66.3% of flights are profitable.
Table I summarizes the overall operating statistics.

TABLE I Dataset and business summary of the proposed
analysis framework

Metric Value

Flights analyzed 7,974
Routes analyzed 30
Observation window 2024 full year
Total revenue USD 2,371,756,240
Total cost USD 1,796,275,579
Total profit USD 575,480,661
Average profit margin 6.19%
Profitable flights 66.3%

Substantial variation exists across routes. Long-haul desti-
nations such as FRA, SIN, and CDG achieve average margins
above 40%, while several short-haul routes remain strongly un-
profitable. Table II summarizes the best and worst-performing
routes.

TABLE II Best and worst routes by average profit margin

Destination Category Avg. Margin (%) Profitable Flights (%)

FRA Long Haul 46.08 100.00
SIN Long Haul 42.07 99.38
CDG Long Haul 41.27 100.00
BKK Long Haul 39.91 99.06
HKG Long Haul 38.67 99.70

LAX Long Haul -15.59 31.55
RUH Short Haul -41.20 8.80
JED Short Haul -68.19 0.00
AMM Short Haul -76.29 0.46
CAI Short Haul -83.96 0.00

These route-level differences indicate that profitability is
strongly influenced by operational and network structure rather
than random variation alone.

D. Seasonal and Route-Level Analysis

Seasonality significantly affects airline performance. Peak
season records the highest load factor and average profit
margin (17.55%), while Low season shows negative average
profitability. Fig. 1 presents the seasonal operating patterns.

Route-category analysis further demonstrates that long-haul
routes provide the strongest economic performance, whereas
short-haul routes suffer from structurally weak unit economics.
Fig. 2 summarizes these differences.

The proposed analysis framework additionally performs
route clustering analysis, revealing that profitability differences
also exist within the same route category. This result suggests
that route-planning decisions should consider both category-
level and destination-level characteristics.

E. Prediction Objective

The supervised learning task is formulated as a regression
problem:

𝑦̂𝑖 = 𝑓 (𝑥𝑖), (1)

where 𝑥𝑖 denotes the operational feature vector and 𝑦𝑖 repre-
sents the observed Profit Margin. The objective is to estimate
profitability outcomes for airline planning and operational
decision support.
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Fig. 1. Seasonal operating conditions. Peak season achieves the highest load factor and profitability, while Low season
produces negative average margins.
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Fig. 2. Route-category economics. Long-haul routes generate the highest profitability, while short-haul routes exhibit negative
average margins.

III. METHODOLOGY

A. Compared models
The proposed experimental framework compares eleven

algorithms spanning several model families. Linear Regression
and Ridge Regression serve as transparent baselines and test
whether the target is close to a linear combination of the
features [15]. Decision Tree provides a single-tree non-linear
benchmark [16]. Random Forest and Extra Trees evaluate
bagging-based and randomized-tree ensembles [4, 17]. Ad-
aBoost, Gradient Boosting, and HistGradient Boosting rep-
resent stage-wise boosting approaches of increasing sophis-
tication [5, 18]. LightGBM and XGBoost serve as high-
performance industrial gradient-boosted tree baselines [6, 7].
CatBoost rounds out the comparison with an ordered-boosting
implementation that is often competitive on mixed tabular
datasets [9].

The important point is that these models are not redundant.
A wide benchmark matters because different algorithms en-
code different assumptions about smoothness, noise, interac-
tion depth, and category handling. If all models were clustered
together, the benchmark would not tell much. Instead, the
results show meaningful spread, which makes the comparison
informative.

B. Evaluation metrics

The experimental framework reports MAE, RMSE, and 𝑅2

on the held-out test set, and one stage also reports cross-
validated mean 𝑅2. These metrics capture different aspects
of quality. MAE summarizes average absolute miss, RMSE
penalizes larger mistakes more heavily, and 𝑅2 measures
explained variance relative to the mean predictor. They are
defined as

MAE =
1
𝑁

𝑁∑︁
𝑖=1

|𝑦𝑖 − 𝑦̂𝑖 |, (2)

RMSE =

√√√
1
𝑁

𝑁∑︁
𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)2, (3)

𝑅2 = 1 −
∑𝑁

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)2∑𝑁
𝑖=1 (𝑦𝑖 − 𝑦̄)2

. (4)

A strong airline-planning model should perform well across
all three metrics, not just one. The model design, train-test
evaluation, supervised regression framing, and comparison of
predictive models follow standard statistical-learning practice
[19, 20, 21, 22].
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Fig. 3. Eleven-model predictive benchmark on held-out test data. CatBoost achieves the highest 𝑅2 and the lowest RMSE
among all compared models.

C. Feature Engineering

The proposed feature design is one of the strongest method-
ological aspects of the framework. By using calendar, demand,
capacity, and route variables while excluding direct accounting
totals, it avoids a common mistake in profitability modeling:
building a predictor that merely restates known financial out-
puts. Instead, the model learns to infer expected margin from
conditions that are available upstream in planning. This makes
the result useful for hypothetical route review. A planner can
ask what margin range is plausible for a destination-season-
aircraft combination before full realized revenue and cost
values are observed.

There are limitations to this setup. Label encoding intro-
duces artificial numeric ordering into categorical variables, and
the single 80/20 split may still be optimistic or pessimistic
depending on sample composition. Even so, Even so, the
proposed framework partially mitigates that issue by reporting
five-fold cross-validation mean 𝑅2 in one stage. The results are
therefore not just one lucky test split with no stability evidence.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Overall Model Comparison

The eleven-model benchmark demonstrates clear perfor-
mance differences among model families. Fig. 3 and Table III
show that CatBoost achieves the best overall performance
with test 𝑅2 = 0.7042, RMSE = 20.94, and MAE = 15.80.
Gradient Boosting and HistGradient Boosting rank closely be-
hind, while LightGBM and XGBoost also achieve competitive
results.

Several conclusions can be drawn from the benchmark
results. First, linear models already capture a substantial
amount of signal, with Linear Regression and Ridge Regres-
sion achieving approximately 𝑅2 = 0.624. This indicates that
operational variables such as load factor, season, and route
category are strongly associated with airline profitability.

TABLE III Held-out performance of the eleven models

Model CV 𝑅2 Mean Test 𝑅2 Test RMSE Test MAE

CatBoost 0.7180 0.7042 20.9390 15.7980
Gradient Boosting 0.7079 0.6921 21.3628 15.9886
HistGradient Boosting 0.7087 0.6888 21.4772 16.0302
LightGBM 0.7034 0.6825 21.6926 16.1088
XGBoost 0.6844 0.6675 22.1998 16.3548
Decision Tree 0.6710 0.6593 22.4690 16.6344
Random Forest 0.6758 0.6424 23.0215 16.9378
Linear Regression 0.6456 0.6240 23.6057 18.1587
Ridge Regression 0.6444 0.6237 23.6138 18.1601
AdaBoost 0.6227 0.6037 24.2359 19.9142
Extra Trees 0.6138 0.5691 25.2716 18.4135

Second, boosting methods consistently outperform bagging
approaches. Random Forest and Extra Trees improve upon
linear baselines but remain weaker than Gradient Boosting,
LightGBM, XGBoost, and CatBoost. This suggests that airline
profit margin depends heavily on nonlinear interactions and
residual correction mechanisms that are better captured by
boosting frameworks.

Third, although the performance gap between CatBoost and
other boosting models is moderate, CatBoost achieves the
best balance across all evaluation metrics. Its stable superi-
ority across cross-validation and held-out testing makes it the
strongest candidate for practical deployment.

B. Seasonal Performance Analysis

The proposed framework additionally evaluates seasonal
prediction performance. Fig. 4 shows that CatBoost maintains
the lowest RMSE across Peak, Shoulder, Normal, and Low
seasons.
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Fig. 5. Seasonal dashboard combining operational KPIs and model performance across different demand periods.
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Fig. 4. Season-specific RMSE for the top five models.
Prediction errors increase from Peak to Low season.

TABLE IV CatBoost seasonal accuracy versus average
seasonal margin

Season Avg. Margin (%) MAE RMSE

Peak 17.55 13.412 17.682
Shoulder 10.14 14.941 19.466
Normal 3.33 16.937 22.974
Low -8.50 18.624 24.231

The results reveal a clear relationship between business
conditions and prediction difficulty. Peak season, characterized
by strong demand and positive margins, is easier to predict,
whereas Low season produces substantially higher forecast-
ing errors because of weaker and more volatile operating
conditions. This seasonal robustness is important for airline
deployment because forecasting uncertainty becomes more
critical during unfavorable demand periods.

C. Model Interpretability and Deployment Implications

SHAP analysis identifies Route Category as the most influ-
ential feature, which is consistent with the exploratory anal-
ysis showing strong profitability differences between short-,
medium-, and long-haul markets. Other important variables
include passenger count, load factor, destination, season, and
demand level.

The superior performance of CatBoost can be explained by
its ability to model complex interactions among heterogeneous
operational variables. Airline profitability is affected by con-
ditional relationships between seasonality, route structure, air-
craft assignment, and passenger demand. Boosted-tree models
are well suited for capturing these nonlinear effects, whereas
linear and bagging approaches are less effective.

Fig. 6 provides an additional comparison of MAE, RMSE,
and 𝑅2 across all models.
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the eleven models.

From an operational perspective, the proposed framework
can support multiple airline planning scenarios, including
peak-season capacity allocation, low-season risk monitoring,
and weak-route restructuring. Since the model relies on op-
erational descriptors rather than realized financial totals, it
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remains suitable for forward-looking planning and strategic
decision support.

V. CONCLUSION

This study developed a structured machine-learning frame-
work for airline route profitability prediction, demonstrating
that route profitability is shaped by strong structural, seasonal,
and network-level effects that can be learned effectively from
a compact set of operational features. On a dataset of 7,974
flights spanning 30 routes in 2024, the network was profitable
overall but exhibited sharp underlying variation: peak season
and long-haul routes delivered high margins, while low season
and several short-haul markets were systematically weak. The
eleven-model benchmark showed that boosted tree methods
dominate the predictive task, with CatBoost achieving the
best performance (test 𝑅2 = 0.7042, RMSE = 20.94, MAE
= 15.80), followed closely by Gradient Boosting, HistGradient
Boosting, and LightGBM. A season-specific evaluation further
revealed that model errors rise consistently as operating con-
ditions deteriorate from peak to low season, indicating that
predictive difficulty is tied to the underlying business envi-
ronment. These findings establish that the chosen operational
feature design, which excludes direct revenue and cost totals,
captures enough planning-relevant signal to make profitability
prediction both feasible and managerially useful, and that
gradient-boosting models provide the most reliable tool for
this purpose.

Nevertheless, the analysis has several limitations that sug-
gest clear directions for future work. The study is confined to
a single calendar year, potentially masking multi-year cycles,
structural breaks, or atypical periods; future work should
test temporal generalization by training on one interval and
validating on later ones. The current label encoding of cate-
gorical variables, while simple, introduces an artificial numeric
order that may be imperfect even for tree-based models, and
future implementations could systematically compare one-hot
encoding, target encoding, and CatBoost’s native categorical
handling. Although cross-validated mean 𝑅2 is reported in one
benchmark stage, the evaluation relies primarily on a single
train-test split; a more rigorous design would adopt repeated
cross-validation or time-aware validation to better capture
month-to-month route dynamics. The intentional exclusion
of direct revenue and cost totals is a strength for planning
utility but also caps the predictive ceiling, suggesting that
a two-model framework—one for planning with operational
descriptors and one for ex post diagnostics with richer financial
inputs—could be beneficial in practice. In addition, because
SHAP interpretability was applied more thoroughly to Light-
GBM than to the final winning model, future work should
extend the same depth of explanation to CatBoost and verify
the stability of the most important features. Finally, the rich de-
scriptive outputs—such as CASK, RASK, clustering structure,
and seasonal route statistics—point toward more advanced
modeling opportunities, including route-segment classification,
route-cluster policy learning, and multi-objective optimization
that jointly balances profit, utilization, and risk. With modest
extensions addressing these points, the current framework can

evolve into a solid, production-grade foundation for real-world
airline network profitability analytics.
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